With the growing interest in skincare and maintenance, there are increasing numbers of studies on the classification of skin type and the factors influencing each type. This study presents a novel methodology by using data mining, for the determination of the relationships between skin type, lifestyle, and patterns of cosmetic utilization. Eight skin-specific factors, which are moisture, sebum in U-zone (both cheeks), sebum in T-zone (forehead, nose, and chin), pore, melanin, wrinkle, acne, hemoglobin, were measured in 1,246 subjects living in South Korea, in conjunction with a questionnaire survey analyzing their lifestyles and pattern of cosmetic utilization. Using various multivariate statistical methods and data mining techniques, we classified the skin types based on the skin-specific values, determined the relationship between skin type and lifestyle, and accordingly sorted the subjects into clusters. Logistic regression analysis revealed gender-related differences in the skin; therefore, separate analyses were performed for males and females. Using the Gaussian Mixture Modeling (GMM) technique, we classified the subjects based on skin type (two male and four female). Using the ANOVA and decision tree techniques, we attempted to characterize the relationship between each skin type and the lifestyles of the subjects. Menstruation, eating habits, stress, and smoking were identified as the major factors affecting the skin.
INTRODUCTION
Rapid changes in modern society have led to several changes in sociocultural trends. In addition, the progress of the health industry has steadily improved life expectancy and increased the efforts exerted towards the maintenance of a sound body and mind. The development of the trends related to general well-being is an expression of the desire for quality improvement of health, in addition to disease management. In particular, the quality improvement of skin is a major factor that has been attracting growing interest for its aesthetic value. According to a survey conducted by Datamonitor in 2013, the cosmetic industry has seen steady growth since 2001, with skincare leading this upward trend. 1) Additionally, there has been a recent, growing interest in skin type, as demonstrated by the point of sale expert service provided by many skincare brands, which offer consumers products tailored to their individual skin types. 2) There are various methods for the classification of skin type. Initially, a research study had proposed the classification of skin types based on the response of skin to sun exposure and a congenital factor (Fitzpatrick, 1998) . Based on the sun exposure method, the skin type was classified between types I through VI, depending on the degree of burn and tanning. The skin type was also classified by skin tone according to the genetic factor. In recent times, four-dimensional classification criteria: dry and oily; sensitive and resistant; pigmented and non-pigmented; and wrinkled and tight, have been established (Baumann, 2008) . Many other methods have been developed for skin typing. However, the typical skin typing method adopted in the cosmetic industry and its associated research areas, is the classification based on the sebum excretion rate (SER), which classifies skin types as normal, dry, oily/greasy, and combined (Fur et al., 1999; Kim et al., 2011) . Skin types, especially the facial skin types, cannot be permanently fixed but does undergo changes according to the major intrinsic and extrinsic variables such as those in climate, stress, and menstrual status (Baumann, 2008) . Therefore, most research has been focused on the identification of the factors influencing skin type.
According to the research findings in Fur et al. (1999) , there is no consistent criterion to distinguish the skin of Caucasian women into normal, dry, greasy, and combined skin types. However, a larger quantity of sebum was observed in greasy and combined skin types than the others, which implies the significance of sebum production in the determination of the cosmetic skin type (Fur et al., 1999; Kumagai et al., 1985) . In addition, dryness of the skin was confirmed to be unrelated to the quantity of skin surface lipids (Fur et al., 1999; Pierard, 1987; Rurangirwa et al., 1987) . Skin melanin, hemoglobin, and light scattering properties were quantitatively analyzed, and it was found that melanin is a major factor for the assessment of a particular type of skin, while the scattering properties provide information about the skin structure and morphology (Zonios et al., 2001) . The experiments on Chinese subjects have verified the influence of gender differences on skin surface pH, sebum content, and stratum corneum hydration, with sebum content particularly, showing a marked difference among different genders (Man et al., 2009 Luebberding et al. (2014) has studied the influence of gender differences on skin elasticity, focusing on the agedependent changes in Caucasian men and women. It was discovered that skin elasticity shows different changing patterns in males and females, with menopause triggering a rapid reduction in skin elasticity. From this, it could be inferred that skin properties demonstrate genderrelated differences. External environments also affect the skin properties. Wendling and Dell'Acqua (2003) conducted a study involving people living in the Swiss Canton of Valais, which is located at an extremely high altitude, and discovered that they showed a low skin hydration viscoelasticity. This could be attributed to environmental factors of the region, such as elevated sun irradiation and low humidity. In addition, Youn et al. (2005) have found in their study with Korean subjects living in a four-season climate zone that sebum secretion increases during the summer, as compared to the other seasons. Several studies have also focused on the different skin-aging patterns between Europeans and Asians (Nouveau-Richard et al., 2005; Tsukahara et al., 2003) . Among the Asian countries, differences in skin aging and facial wrinkles between the Japanese, Chinese, and Cantonese populations (Tsukahara et al., 2007) , and the differences in hydration, transdermal water loss, sebum level, pores, pH, elasticity, wrinkles, skin brightness, and sensitivity among the people in Korea, Indonesia, Thailand, and Malaysia have been previously investigated.
3) In particular, Galzote et al. (2013) have measured the skin properties in women from China, Korea, Japan, and the Philippines and investigated the impact of age and skincare habits on the same. This study indicated that fewer wrinkles appeared, with respect to the subjects' age brackets, with the earlier use of skincare products. Moreover, in a study involving aged (≥ 65) Japanese subjects, Asakura et al. (2008) have discovered that smoking and use of sunscreen correlated to the condition of the skin.
A large number of diverse skin-related studies have been conducted in South Korea. Kim et al. (2011) have observed a significant association between facial pores, sebum secretion, and skin elasticity, and a direct association between acne lesion count and facial pores, in men. However, the acne lesion count and age were discovered to not significantly affect facial pore formation. Park et al. (1999) have presented two skin typing systems: determination of the sebum excretion rate (SER) and skin surface relief (SSR). SER and SSR are influenced by hormones and skin surface morphology, respectively. Therefore, we have assumed that this easily measurable skin typing method would provide the consumers of cosmetic products with a simple tool for choosing skin type-specific products. Kim et al. (2011) have confirmed that lifestyle and skincare patterns such as the frequency of alcohol consumption and home care, respectively, affect the health of the skin. They have also identified factors such as the body mass index (BMI), residential type, lifestyle (amount of water intake, beverage intake, and alcohol consumption frequency), eating habits (prioritized food, fruit intake frequency, dairy intake frequency, seaweed intake frequency, and fast food intake frequency), and skincare patterns (facial cleansing frequency, method of water usage during facial cleansing, skincare, color makeup, etc.) that influence the skin types. They have suggested that the skin pH is influenced by age, BMI, amount and frequency of alcohol consumption, exercise frequency and duration, stress management methods, prioritized food types, legume and meat/seafood/egg intake frequencies. This study aims to explore and determine the relationship between skin type and lifestyle, by applying a data mining technique yet not attempted in the dermatology sector. As mentioned above, skin types are currently being classified based on the independent examination of the individual skin characteristics and the setting of threshold values. In contrast, this study adopted a cluster analysis, where the subjects were grouped into clusters, with respect to the interrelated skin-specific measurement values. Based on the results, we performed a classification modeling, where we represented the identified clusters as a response variable, and the lifestylerelated variables as independent variables. The data on current lifestyle trends were collected from the subjects by means of a questionnaire. Among the various classification techniques, we adopted the decision tree analysis to determine the differences in skin types based on the lifestyles of the subjects. As the logistic regression analysis performed prior to clustering and classification modeling revealed a gender-based difference in skin characteristics, both clustering and classification modeling were conducted separately for male and female subjects.
MATERIALS AND METHODS

Subjects and Measurements
In this survey, we included 1,246 adults aged 16-75 (mean 41±16 standard deviation (SD); female: 934, male: 312). The variables were largely divided into two categories: 8 variables represented the skin characteristics measured by using measurement devices, and 18 variables represented the results of the life style questionnaire, regarding the use of basic and hair/scalp cosmetics. Table 1 outlines the descriptive statistics of the variables pertaining to skin characteristics, while Table 2 summarizes of the results of the lifestyle questionnaire.
In order to ensure the accuracy of data analysis, we subjected the data to a pre-processing step. We deleted 32 subjects either having missing values or outlying. After preprocessing the data, 1,214 subjects were included in the data mining analysis. The variables of the questionnaire were converted to values between 0-1 for scale adjustment, and a binary derived variable was added for the female subjects, in order to separately examine the effects of menstruation on the status of the skin. This assisted in the addition of the factor, 'irregular menstruation' to the existing 'menopausal status' and 'regular menstruation' factors.
Data Mining Techniques
Logistic regression analysis was adopted in this study in order to determine the presence of gender differences in the manifestation of skin characteristics. We also used a Gaussian mixture model to group the subjects according to the measured skin characteristics, and the decision tree model was used for lifestyle assessment for each group.
Logistic regression is a linear model primarily used as a classification method when the response variable is categorical (Sharma, 1995) . It does not require the proposition of hypotheses for the distribution of independent variables. The probability of a given object to belong to a particular class based on independent variables is expressed by
where the regression coefficients ( j β 's) are estimated by the method of maximum likelihood estimation for the given data. The advantage of logistic regression lies in the fact that the relationship between a set of independent variables and a response variable can be analyzed by using the estimated coefficients (Lee et al., 2014) . A large value of coefficients would mean that the corresponding independent variables exert a strong influence on the response variable. On the contrary, if the value of the coefficients is approximately zero, they are hardly believed to influence the response variable. The genderrelated significance of the data derived from the study was compared against a logistic regression model. When the logistic regression analysis was performed with one of the measured variables as an independent variable and the gender as the response variable and if the coefficient check against the independent variable does not yield a significant value, this measured value could be concluded to be unaffected by gender difference. If the coefficient proves significant, a gender-dependent model can be set up, as the measured variables are believed to have significant gender differences. The Gaussian Mixture Model (GMM) is a clustering technique, where it is postulated that there are k number of pre-determined clusters, with each cluster following the multivariate Gaussian distribution (McLachlan and Peel, 2004) . The mixture of k components is thus given by
where a priori probability i p is the faction of the objects in cluster i such that 
where m is the dimension of the data objects, and i μ and i Σ are the parameters that are said to be estimated by using the expectation-maximization algorithm. Because of its efficacy in estimating the density or distribution hidden in data, and in interpretation of models, the March 2016 , pp.110-121, © 2016 GMM is widely used by researchers in a variety of academic disciplines. GMM can also be applied efficiently during the pre-treatment stage, as it can be used simultaneously for clustering and the detection of outliers (Roberts, 1999) . In this study, we have attempted to determine the optimal number of clusters by applying GMM to the data (representative of the measurement of skin characteristics), and simultaneously classify the skin type of the subjects (by grouping them into several clusters according to their skin characteristics). C4.5 is one of the most frequently used decision tree analysis methods (Quinlan, 1993; Wu et al., 2008) , and it uses information entropy as a selection criterion for the splitting of variables. The completed tree model is expressed as a set of easy-to-analyze rules, and it does not require any hypothesis with respect to data distribution (Tang et al., 2005) , similar to logistic regression. Like other tree techniques, C4.5 uses a pruning algorithm to prevent the side-effect of over fitting of the final model with the data. The reduced error pruning method was used in this study.
RESULTS
Gender Difference Validation
Prior to cluster analysis by using the 8 measured variables pertaining to skin conditions, a pre-testing process was conducted to determine whether each measured variable shows a gender-dependent difference in distribution. In order to implement the test, we performed a logistic regression analysis by setting each of the 8 measured variables as an independent variable (X), and the gender as the response variable. Specifically, 8 models were generated by setting the likelihood of the subject belonging to the male class set to be p. This is expressed by 0 1 ln 1 all variables except moisture were found to be significant, which led us to conclude that all future analyses must be conducted separately for males and females. For all subsequent analyses, therefore, the data collected was classified with respect to the gender and subjected to separate analyses.
Skin Type Classification
As briefly mentioned above, we used GMM clustering, in order to group the subjects, and attempted a skin type classification by analyzing the 8 skin-related features in each group. In order to determine the optimal number of clusters, we observed the Akaike information criterion (AIC) and the Bayesian information criterion (BIC) while increasing the number of clusters. In general, the optimal number is determined as the one representing the smallest AIC and BIC values. Figure 1 illustrates the resulting AIC and BIC values according to different numbers of clusters by GMM clustering of male and female data. Accordingly, we determined the number of male and female clusters at 2 and 4, respectively. Table 4 shows the results of GMM grouping of male and female subjects into clusters, based on the obtained number of the clusters, as described above. Subjects belonging to cluster 0 were those that could not be grouped into any specific cluster based on the GMM and were hence considered to be outliers. For example, male subjects (n = 49) belonging to cluster 0 have a very low probability of belonging to either cluster 1 or 2. Therefore, subjects belonging to cluster 0 were excluded from subsequent analyses. ANOVA (analysis of variance) was performed to determine the significant variables characterizing each cluster. Specifically, after establishing the results of clustering as a factor and skin-specific values as response variables, we attempted to determine whether the different clusters show significantly different mean values on individual skin-specific values. The results of this testing are summarized in Table 5 .
The highlighted cases in the above table represent the skin-specific values with significant inter-cluster difference, at a significance level of 0.01.
α =
For male subjects, the skin-specific values of sebumU, sebumT, pore, and acne, showed statistically significant inter-cluster differences, while in female subjects the sebumU, sebumT, pore, melanin, acne, and hemoglobin factors demonstrated statistically significant differences among the four clusters. In order to determine the characteristics of each cluster, box plots were drawn for the variables displaying all significant differences. Figure 2 displays all box plots.
The box plots indicate that the division of male subjects into the clusters was intuitively reasonable. The sebumU, sebumT, pore, and acne values of the male cluster 1 were observed to be lower than those of male cluster 2. In other words, cluster 1 was classified as a dry-skin subject group, while cluster 2 comprised of oilyskin subjects. As displayed in Table 4 , over half of all women subjects belonged to the female clusters 1 and 3, both high-melanin clusters. When compared to the other female clusters, the female cluster 3 showed a low-acne tendency. The female cluster 2, comprising of only 6% of all subjects, was considered to belong to the oily-skin cluster (high sebumU, sebumT, pore, and hemoglobin values). The female cluster 4 was characterized by high sebumT as compared to all other clusters.
Identification of the Relationships between Skin Type and Life Style
Under the assumption that the clusters determined in our cluster analysis represented the skin types of the individual subjects, we performed ANOVA and a decision tree analysis, in order to determine the relationship between skin type and life style. Similar to the ANOVA conducted in the previous subsection, the clusters were defined as factors and the elements of the questionnaire regarding life style and the utilization of cosmetics were defined as response variables. These values were then tested (F-test) for intercluster differences in life style and cosmetics use. Of the obtained values, only the p-values have been outlined in Table 6. In the above table, the highlighted values for the male subjects represented the life style and usage of cosmetics displaying significant inter-cluster differences at 0.05.
α =
In case of female subjects, the significance level α was set to 0.01. The reason for assigning a higher value of significant level for male subjects, was that no variables with significant differences could be derived at a significance level of 0.01.
As seen in the above table, significant differences were observed in 'age', 'skincare at home', and 'treatment product' between two male clusters. In female subjects, similar to male subjects, 'age' showed significant difference among four female clusters. We observed that additional 8 factors, including 'double facial cleansing', 'exposure to stress', 'menstruation or absence thereof', 'regular menstruation', 'smoking', 'foam cleanser', 'deep cleanser', and 'treatment product', also showed significant differences among the 4 clusters. As in the ANOVA described above, the box plots and bar charts in Figure 3 were drawn, highlighting the significant differences between the characteristics of each cluster with respect to lifestyle and the use of cosmetics. In Figure 3 , the bar charts consisting of 1 and 0 are the cases of a binary variable (1 for yes and 0 for no), whereas the bar charts consisting of more than two values are the cases measured in Likert scale for frequency (the larger value, the more frequent).
An analysis of the plots revealed the following characteristics for each cluster. The subjects of male cluster 1 used treatment products at a greater frequency than those of cluster 2, while the subjects of cluster 2 comprised of older subjects who used regular home remedies for skincare, as compared to those of cluster 1. The female cluster 1 comprised of subjects who used treatments at a higher frequency as compared to the other clusters. The female cluster 2 comprised of younger subjects, at the peak of their menstrual cycles, did not smoke, and had no particular diseases. In addition, these subjects used foam cleanser and deep cleanser, double facial cleansing, and specialized skincare strategies more March 2016 , pp.110-121, © 2016 frequently, i.e., the cluster comprised of women who paid particular attention to skincare. The female cluster 3 comprised of older subjects, who demonstrated a higher consumption rate of vegetables as compared to fast food, and showed lower stress levels, with a high likelihood of menopause due to age, and demonstrated the tendency to use casual lotions as compared to foam cleansers. The female cluster 4 comprised of women who showed a high rate of smoking and insufficient water intake.
In addition to determining the significant mean difference by the ANOVA F-test, we also employed a decision tree method, which is one of the most commonly used classification methods in data mining, to determine lifestyles and patterns of cosmetic use for each cluster, i.e., skin type. As mentioned above, we used the C4.5 algorithm, and the final model was obtained by using the reduced error pruning method. As a result, the final trees were found to have a training error of approximately 26% in both male and female datasets. This means that approximately 74% of subjects in the training datasets are correctly classified by the trees. Figures  4 and 5 show the decision trees created with data obtained from male and female subjects, respectively. Note that, in this tree building, the target variable contained the cluster labels that were created by GMM based on skin-specific values, and the independent variables indicate the life style and cosmetic usage of the subjects. Kim, Ha, Lee, Oh, and Cho: Industrial Engineering & Management Systems Vol 15, No 1, March 2016, pp.110-121, © 2016 KIIE 118 Figure 4. Decision tree obtained from male data.
As observed in the two figures, the female tree intended to classify four clusters has more complicated tree structure than the male tree classifying two clusters. Therefore, more various independent variables influencing the classification of each cluster were selected in the female tree, which is consistent with the obtained results of the ANOVA. As seen in Figure 4 , the use of treatment product was revealed to occupy the top root node of the male tree, as the factor with the largest influence on the classification of the two clusters. The leaf nodes in the male tree show that the subjects often using skincare services generally belong to cluster 2. The female tree in Figure 5 indicates that the menopausal status occupies the root node and is thus identified as the most influential variable. Well-balanced eating habits, consistent vegetable intake, and the use of functional cosmetics also express a relatively high frequency of appearance in the tree. In other words, these are the factors that determine the formation of the female clusters, i.e. skin types. Table 7 shows the interpretations of the male and female trees, arranged in accordance with the 'if-then' rules.
DISCUSSION
In this section, we will provide an overview of the effects of lifestyle including cosmetic usage on the skin condition based on the results of analysis presented in the previous sections. The subjects were classified into clusters by cluster analysis, associating the general skin conditions quantitatively measured by a device. In addition, the life styles of the different clusters were analyzed by using the ANOVA and the decision tree analysis technique. Table 8 summarizes the cluster-specific characteristics, integrating the results of all the analyses.
The subjects belonging to the male cluster 1 were relatively young with less visible prevalence of acne, which is associated with low interest in skincare. On the other hand, the subjects belonging to the male cluster 2 were exposed to workplace stress, which seems associated with a higher frequency of skincare at home. Compared to female subjects, however, the interest in skincare does not involve specialist skincare, but casual skincare at home for the male cluster 2. The subjects comprising the female cluster 1 were relatively young, and displayed regular eating habits. The high sebum and hemoglobin levels seen in the subjects belonging to the female cluster 2 indicate their interest in regular eating and skincare. The subjects in the female cluster 3 mainly comprised of retired housewives (middle-aged or older), demonstrating high interest in skin and health care. Lastly, the subjects in the female cluster 4 showed a higher rate of smoking and a low water intake, demonstrating a low interest in health care, which results in poor skin conditions.
CONCLUSIONS
Based on the data collected from both a questionnaire survey and skin measurement of 1,246 subjects, we conducted analyses by using the multivariate statistical analysis and data mining techniques, in order to determine the relationship between skin type and life style. Because of the gender-dependent significant differences in skin type as determined by logistic regression, we conducted individual analyses for male and female subjects. Based on the data measuring the skin conditions, we defined two clusters for male subjects and four clusters for female subjects, by using the GMM clustering technique. We then subjected the variables to ANOVA and C4.5 technique (a decision tree analysis technique), in order to determine the relationships between lifestyle of the subjects and the characteristics of each cluster, i.e., the skin type, as well as the regular patterns associated with the same. All the results of quantitative analysis were integrated and arranged according to the possible similarities between the skin-type characteristics of the subjects grouped together in each cluster and their association with the life styles of the subjects.
Most existing studies have been conducted by using a univariate approach, where the skin types were classified by independent examination of the individual skin-specific values, and the setting of threshold values. Therefore, this study is significantly different in that the skin types were determined by adopting a multivariate approach, where the measured skin-specific values for all subjects, and their correlations were simultaneously taken into account. To achieve this, we used data mining techniques. Specifically, our study is distinctive in that the decision tree method was employed to derive the correlations between skin type and life style, as well as the rules of classification pertaining to each skin type, based on the demographic elements and the selfreported life style and skincare status. This study is also important for researching the specific skin characteristics of Koreans.
A limitation of this study is that we did not conduct a longitudinal study to determine the intra-subject changes of skin-specific values over time. Future research can be directed to the observation and analysis of the changes in skin type, by applying a study design where the lifestyle-related conditions of the subjects of the same skin type are artificially varied, in order to derive more accurate relationships between lifestyle and skin type. Another limitation of this study is that the changes in skin conditions with respect to the seasonal factors in Korea, i.e., in a temperate climate zone with four seasons, were not analyzed. We believe that the careful analysis of these aspects in future research could assist in a more 
